Within Sweden and the EU, an increased use of biogas gas and natural gas is encouraged to decrease emission of carbon dioxide. To support more effective manufacturing, distribution, and consumption of energy gases, new methods for the measurement of the calorimetric value or the gas composition are needed. This paper presents a method to extract and visualize variations in ultrasound pulse shape, caused by interaction effects between the constituents of a two-component gas mixture. The method is based on a combination of principal component analysis and orthogonal signal correction. Pulse-echo ultrasound experiments on mixtures of oxygen and ethane in the concentration range from 20% to 80% ethane show that the extracted information could be correlated with the molar fraction of ethane in the mixture.
I. INTRODUCTION
Natural gas and biogas contain mixtures of several gases, with the major component being methane. Other components are ethane, hydrogen, and other higher order hydrocarbons ͑such as propane, butane, etc.͒. Sometimes the gas also contains small, but highly undesired, fractions of oxygen or water vapor. Water and oxygen are both corrosive and can cause severe damage to the pipeline systems. Therefore, knowledge and methods for monitoring the amount of undesired impurities in the gas are important.
Furthermore, with the use of different sources of gas ͑i.e., different gas fields͒ the energy content of the gas delivered to customers may vary considerably. Variations of as much as 20% can occur. 1 It is of interest to both provider and customer to know the composition of such gas mixtures, since this determines the energy content ͑calorimetric value͒ and, thus, the combustion properties and the monetary value of the gas.
Today, the energy content of gases is measured using either gas chromatography or calorimetry. Both methods are accurate, but require samples of the gas to be removed and analyzed separately, which makes them relatively slow. They are also rather expensive. Because of this, the existing techniques are not suitable for on-line measurement at the customer side of the distribution line.
In conjunction with flow meters the temperature and pressure are measured in order to relate the operating flow conditions to a reference condition. Given the calorimetric value at the reference condition, the energy content can be measured on-line, during operation. However, this approach assumes that the composition of the flow is constant. New methods for on-line measurement of the calorimetric value have been investigated by, for example, Jaeschke et al. 2, 3 Jaeschke modified the technique by adding measurement of relative permittivity, speed of sound, and CO 2 molar fraction as input to a correlation model in order to improve the accuracy of the energy content estimate.
In this study, we investigate what information that can be extracted from the shape of ultrasound pulses that propagated through the gas. Today, ultrasonic flow meters are used to measure the volume flow, and a method that does not require many additional sensors would be attractive. With the approach presented here, the data available in a conventional flow meter are processed to extract information about the gas composition.
Typically, both the speed of sound and the attenuation of sound within a gas vary with temperature, frequency, pressure, etc. Hence, both these properties can help to monitor changes in experimental conditions. This has recently been studied in both theory and experiments by Dain and Lueptow, 4, 5 Martinsson, 6 and Townsend and Meador. 7 The frequency dependence of the attenuation is fairly easy to measure, but the speed of sound is much more difficult. 8 Both of these affect the shape of the received pulse. Figure 1 shows three pulses obtained using the experimental setup described in Sec. IV A. The first pulse was measured in pure oxygen, the second in pure ethane, and the third in a mixture of the two, containing molar fraction of 40% of ethane. As the figure shows, there is a small change in pulse shape between pure oxygen and ethane. It is, however, more difficult to notice how this changes when gases are mixed. The pulses in Fig. 1 have been normalized and aligned in time for the purpose of showing differences in shape. The remaining differences in pulse shape are caused by frequency-dependent attenuation and dispersion.
In this paper, we develop a subspace-based filter that can be used to suppress variations in pulse shape originating from the pure gases, hence, leaving only variations originating from interaction effects between the constituent gases. The filter is based on a principle known as orthogonal signal a͒ Electronic mail: johan.carlson@csee.ltu.se correction ͑OSC͒. 9 Pulses measured in a mixture will be affected by the pure gases and by the inter gas interaction effects. These interaction effects are much smaller than the individual effects of the constituent gases, but highly interesting when the goal is to study the composition of a mixture. The OSC filter is implemented as a projection matrix that projects the measured pulses in gas mixtures onto the orthogonal complement of a basis spanning the experimental variation caused by the pure gases. The remaining experimental variation is then analyzed using principal component analysis ͑PCA͒. 10 The work presented herein is an extension of the results presented at a recent conference.
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The method is evaluated with experiments on pure oxygen (O 2 ), pure ethane (C 2 H 6 ), and mixtures of the two for molar fractions of ethane in the range of 20%-80%. The results show that the remaining variation can be explained by one principal component, which correlates well with the molar fraction of ethane.
II. NOTATION
We will use bold capital letters ͑e.g., X͒ to denote matrices, and small bold letters to denote column vectors ͑e.g., x i , for column i of the matrix X͒. Scalars and matrix row and column indices are denoted with small nonbold ͑italic͒ characters ͑e.g., i, k, n͒. For example, the first column of the matrix X is denoted x 1 . Matrix transpose is denoted with
The notation x͓n͔ denotes the nth element of a vector.
III. THEORY
Any experimentally observed data, x, is composed of two parts: , which is a systematic part, and , which is a random noise part, such that xϭϩ.
Principal component analysis ͑PCA͒ 10 is a wellestablished tool for analyzing and modeling multivariate data. The central idea is to reduce the dimensionality of a data set consisting of a large number of interrelated variables, but at the same time preserving as much as possible of the systematic experimental variation, , in the data. Figure 2 illustrates the principle for a simple case where a threedimensional data set is projected onto a two-dimensional subspace.
In order to analyze the shape of ultrasound pulses by PCA, we need to represent them in matrix form. Let x i ͓n͔ (nϭ1,...,N) be a sampled version of an ultrasound pulse and let x i be the column vector representation of the same pulse. Now each measured pulse can be seen as a point in an N-dimensional space. For each of the different experimental settings, a new vector is obtained, and in order to analyze the whole set by PCA, they are stored as columns of a matrix, X.
In the experiments ͑see Sec. IV͒, we have two data sets, the first containing pulse-echo measurements of pure oxygen and pure ethane, and the second containing measurements on mixtures of the two. If the effects of oxygen and ethane were to add linearly when mixing the two, the dimensionality of the data set would not increase. That is, the same set of principal components would describe the experimental variation in both data sets. If, however, there are any interaction effects between the gases in the mixture, we would need some additional components to describe these ͑i.e., the dimensionality of the data set is increased͒. Now, if the interaction effects are small, which they most likely will be when the molar fraction is small, they will be practically drowned by the effects of the pure gases. If the goal is to extract the effects of mixing gases, we need some method to remove the effects originating from the pure gases. The way we approach this problem is by orthogonal signal correction ͑OSC͒. 9 First, a PCA is performed on measurements on pure gases. This results in a set of components that explain the variations in pulse shape caused by the pure gases, for the different experimental conditions. The pulses measured in gas mixtures will vary due to the individual constituents, but also due to interaction effects between the gases. The OSC process can be seen as a filter that removes the effects of the pure gases from the mixture data, leaving a data set that is uncorrelated ͑orthogonal͒ to the measurements in pure gases. The remaining variations in pulse shape originate from interaction effects between the constituent gases.
For this to work, the data set has to be preprocessed to remove the effect of propagation delay and scalar attenuation. This information is, of course, still accessible, but by normalizing the pulses, we do not a priori assess any greater statistical significance to any of the measured pulses. Pulses measured in different gas compositions will have a different propagation delay, because of variations in sound velocity. If the delays are not compensated for, this will result in an apparent increase in dimensionality of the data set ͑i.e., more principal components are needed͒. This is accomplished by aligning all pulses with respect to one of the measurements ͑e.g., the first column in the matrix containing all pulses͒.
The next subsection describes the preprocessing of the ultrasound pulses, and Sec. III B then describes the OSC and the PCA.
A. Preprocessing
The pre-processing consists of two steps:
͑1͒ Normalizing the pulses to unit energy, thus removing the effect of a scalar attenuation due to the propagation distance. ͑2͒ Aligning the pulses in time and thereby removing the effect of changes in propagation delay through the medium, and the effect of any sampling jitter caused by the digitizing hardware.
Normalizing
The normalized pulse, x i , is calculated as
where x i denotes the vector containing a sampled version of the pulse, before normalizing.
Aligning pulses
Aligning the pulses consists of two steps:
͑1͒ Estimate time-of-flight differences between pulses, with an accuracy of fractions of the sampling time. ͑2͒ Align pulses according to the estimated time-of-flight difference.
In this paper we consider only changes in pulse shape of an ultrasound echo that propagated back and forth through the volume of gas ͑see Fig. 3͒ . Because we only use the first echo ͑as indicated in Fig. 3͒ , we do not measure speed of sound and attenuation explicitly, but rather changes in pulse shape caused by frequency-dependent attenuation and speed of sound. However, when the experimental conditions change, the time-of-flight through the gas will also vary. The set of echoes recorded for the different measurement configurations are therefore aligned, with respect to one of the echoes ͑e.g., the first measurement͒.
The reason for aligning and normalizing is to better reveal any changes in pulse shape. As a consequence of these changes, it becomes difficult to determine time-of-flight differences, since techniques for this are based on the assumption that the only differences between the pulses are a timeof-flight difference and possibly a scalar attenuation.
As a best-effort attempt, we use the analytic crosscorrelation technique proposed by Marple 12 to estimate the time-of-flight differences in whole samples ͑i.e., an integer multiple of the sampling time of the system͒. Marple's method uses the maximum of the envelope of the crosscorrelation function, instead of the cross-correlation function itself. The result is an estimate that is less sensitive to small changes in pulse shape than the standard cross-correlation method, since the envelope is much less sensitive to phase shifts. The details of this method are left out since they are very well described in the original paper by Marple.
A cross-correlation technique will result in an estimate of the time-of-flight difference as a multiple of the sampling time. Variations in propagation speed or jitter in the digitizing hardware can, however, result in delays on a subsample FIG. 3 . Description of the measurement cell and the pulse-echo scheme. In this paper the first echo, as indicated in the figure, is analyzed. level ͑i.e., fractions of the sampling time͒. To further improve the performance of the PCA, the time-of-flight difference estimates are therefore refined using the estimator proposed by Grennberg and Sandell. 13 This estimator has been shown to work especially well for narrow-band pulses, and for small delays.
Aligning the pulses according to an integer delay ͑i.e., a multiple of the sampling time͒ is straightforward, but to shift pulses a fraction of the sampling time, we need to use some interpolation scheme. In this work we have chosen the method of Lagrange interpolation, 14 since this can be implemented as a simple linear filter. Let the original pulse be x i ͓n͔. Then, the shifted pulse, x i ͓n͔, is given by
where is the time-of-flight difference, * denotes the convolution, and h l ͓n,͔ is the impulse response of the interpolation filter, according to Lagrange's interpolation formula. For a three-point interpolation, the impulse response is given by
͑3͒

B. Orthogonal signal correction
After the preprocessing, we are left with a set of measurements that essentially vary only in pulse shape. This section describes the remaining steps of the analysis:
͑1͒ Find a basis for the experimental variation caused by the pure gases ͑PCA͒, for different static pressures. ͑2͒ Project the measurements of mixtures onto the orthogonal complement of the basis determined in step 1 ͑OSC͒. ͑3͒ Find a new basis for the remaining experimental variation ͑PCA͒.
Let X 0 be a matrix where the columns are pulses measured in pure oxygen (O 2 ) and pure ethane (C 2 H 6 ), for different pressures. Let X 1 be the matrix with columns corresponding to pulses measured in mixtures of the gases, each representing different molar fractions of ethane, also for different static pressures.
Finding a basis for the experimental variation spanned by the columns of X 0 means determining the principal components ͑PCs͒ of X 0 . In this paper, the PCA is implemented using singular value decomposition ͑SVD͒. 15 With the SVD, any rank r matrix X 0 can be factored as
where the columns of U 0 and V 0 are the unit-norm eigenvectors of X 0 X 0 T and X 0 T X 0 , respectively. The nonzero diagonal elements, i of S 0 are the square-roots of the eigenvalues of X 0 X 0 T and X 0 T X 0 , sorted so that 1 у 2 у¯у r . This can be seen as a change of basis, where the new basis for the columns of X 0 is given by the columns of U 0 ͑also called principal components or loading vectors͒, and the weights for the new basis ͑scores͒ are given by the columns of S 0 V 0 T .
The
where r is the rank of X 0 . If fewer components than r are used, this yields an optimal low-rank approximation of X 0 ͑in a least-squares sense͒. This property is what is used when approximating a data set with a small number of principal components.
To examine how much of the total experimental variation ͑in %͒ each principal component explains, we study the scaled singular values, since the singular value i is proportional to the experimental variation in the direction of the ith principal component. 10 Let i be scaled versions of the r nonzero singular values i :
Now, if the effects of the constituent gases were to add linearly, the same set of principal components ͑columns of U 0 ) would also span the variations in pulse shape caused by the gas mixtures. That is, the columns of X 1 could all be written as linear combinations of the columns of U 0 . If this is not the case, the interaction effects can be extracted from X 1 by projecting onto the orthogonal complement of X 0 as
where the projection matrix ⌸ x 0 Ќ is given by
where Û 0 is the matrix consisting of the n (nϽr) most significant components of U 0 . This is determined by looking at the cumulative sum of the scaled singular values from Eq. ͑6͒. Since the columns of Û 0 are by construction orthonormal, 15 Eq. ͑8͒ simplifies to
A basis for the interaction effects is then given by the principal components of X 1 , given by the columns of Ũ 1 , in
In other words, we can say that the columns of Ũ 1 form a basis for the experimental variation that remains after removing the contribution of the pure gases. The matrix ⌸ x 0 Ќ in Eq. ͑9͒ projects the data in X 1 onto a smaller subspace, orthogonal to the subspace spanned by Û 0 . This is why this process is called orthogonal signal correction. 
C. Summary of the algorithm
The analysis principle described in the previous sections can be summarized as follows:
͑1͒ Store all pulses as columns of the matrix X . ͑2͒ Normalize and align the pulses in X as described in Sec.
III A in order to obtain X 0 .
͑3͒ Calculate principal components (U 0 ) of the pure gases using Eq. ͑4͒. ͑4͒ Remove the effect of the pure gases from the gas mixture using Eq. ͑7͒. ͑5͒ Determine the principal components, Ũ 1 , of the remaining variation (X 1 ) using Eq. ͑10͒.
IV. EXPERIMENTS
A. Setup
A pulse echo scheme was used to acquire ultrasound pulses that propagated through the gas mixtures. The acoustic properties of interest vary with frequency, f, and pressure, P. In fact, it is the frequency to pressure ratio, f / P, which is the appropriate scale to use. 4 The temperature and frequency dependence of sound velocity and acoustic attenuation have previously been investigated by, for example, Martinsson, 6 Lueptow, 4,5 and Bhatia. 16 There are two ways to vary the f / P ratio in a pulse echo system. Transducers of different center frequency can be used for a fixed pressure, or one transducer can be used while the pressure is changed. The latter of the two principles was chosen for the work in this paper. A 1-MHz air transducer was used. The effective diameter of the transducer was 15 mm ͑cf. Fig. 3͒ . Diffraction losses were assumed to be negligible, since the pulse-echo measurements are in the near-field region of the transducer. 17 A custom-built pressure chamber ͑see Fig. 4͒ was used to achieve different static pressures. The pressure was varied between 1.54 to 7.4 bar in 12 steps for each gas. Since the attenuation in ethane is extremely high at low pressures and high frequencies, we were limited to make measurements at higher pressure for that particular gas ͑above 1.86 bar͒.
The pressure in the chamber was measured with an ANDERSON TPP Pressure Transmitter with a range of up to 13.6 bar above atmospheric zero. The transmitter has an accuracy of approximately 30 mbar. This includes the combined effects of linearity, hysteresis, and repeatability.
The transducer was mounted on a stainless steel measurement cell, as seen in the lower left corner of Fig. 4 . The measurement cell was then immersed into the pressure chamber. Figure 3 shows the details of the measurement cell. For all calculations in this paper, only the first of the recorded echoes was used, as indicated in the figure. The whole setup was then placed in a temperature controlled chamber ͑Her-aeus Vötsch HT4010͒, where the temperature was kept constant at the desired temperature.
To excite and receive acoustic pulses from the transducer, a Panametrics Pulser/Receiver Model 5072 was used. For the transmitting mode, the pulser/receiver was set to deliver maximum energy to the transducer, which corresponds to a short voltage impulse with 360-V amplitude, corresponding to an excitation energy of 104 J. In receive mode, the signals are amplified 20 dB. All pulses were sampled at 100 MHz with an 8-bit Tektronix TDS 724, 1-GHz digitizing oscilloscope. For each experimental setting, 50 signals were recorded and transferred to a PC, where they were averaged and further processed ͑see Sec. III A͒.
For each measurement, the temperature was recorded using an encapsulated PT100 sensor mounted through the wall of the pressure chamber.
The transducer used was originally designed for operation in air which has an acoustic impedance Z air ϭ4154 Pa•s/m ͑at Tϭ20°C and Pϭ1 bar). Since the acoustic impedance of the gases used are different from air, the transducer will not operate at its optimal performance, and consequently not transmit as much power as desirable.
B. Results
The first set of experiments was with pure ethane and pure oxygen, at 20°C, for pressures of 1.54 -7.4 bar. This resulted in 12 measurements of ethane and 12 of oxygen. After aligning and normalizing, as described in Sec. III A, all 24 were stored as columns of the matrix X 0 . The second set of experiments was with mixtures of ethane and oxygen, for molar fractions of 20%, 40%, 60%, and 80%, for the same pressure range, also at 20°C. In total 4ϫ12ϭ48 experiments were made on the mixtures. These pulses were aligned and normalized and stored as columns of the matrix X 1 .
Looking at the cumulative sum of the squares of the scaled singular values ͑cf. Fig. 5͒, i 2 , of X 0 we see that the first three components are enough to describe approximately 99% of the total experimental variation. The rest of the components are assumed to represent mainly noise. Figure 6 shows the corresponding principal components, u i (i ϭ1,2,3). Since these three components account for approximately 99% of the experimental variation, this means all measured pulses can be accurately approximated as a linear combination of these, as given by Eq. ͑5͒.
Following the steps described in Sec. III C, we obtain the score matrix, S 1 Ṽ 1 T , and the loading matrix, Ũ 1 . The data set for the gas mixtures was then filtered using the OSC filter given by Eq. ͑7͒. In order to study how much systematic variation that remains after the OSC filter was applied, a PCA was performed on X 1 . From Fig. 7 we see that the remaining variation is significantly smaller. Determining the significance of these components is more difficult, since the singular values do not vary as much as for the unfiltered mixtures. There are two possible reasons for this:
͑1͒ The components contain mainly noise. ͑2͒ All components contain important variation.
The second is not likely, since we know already that approximately 98% of the original variation has been removed. To determine whether the remaining components represent any systematic variation, we need to study the scores associated with each of the components. In Fig. 8 these are shown for the first component. These show a clear interdependence with the physical variables of interest ͑i.e., f / P ratio and molar fraction͒. Studying the scores of the other components did not show the same systematic relationship to the molar fraction, and therefore no figures of this have been included in the paper.
Determining the number of necessary principal components can be done in several ways. In this paper we deter- mined this by looking at how many components are needed to capture Ͼ98% of the experimental variation, using Eq. ͑6͒. Depending on the purpose of the analysis ͑e.g., regression or classification͒ other methods such as cross validation 18 or the Akaike information criterion 19 could be used.
In Fig. 7 it appears that for the mixtures some of the singular values are smaller than the corresponding values for the pure gases, and vice versa. Some questions were raised whether this contradicts the conclusion that the pure gases contribute to most of the systematic variation. The pure gases and the mixtures are two different data sets, and the intrinsic structures of these sets may vary, and thus the relative size of the singular values can differ. Looking at the singular values of the filtered mixtures, it is, however, clear that most of the variation has been removed. The remaining set is uncorrelated with the pure gases and the conclusion, and thus the remaining variation is due to noise and intergas interaction effects. Figure 8 shows the scores ͑or coefficients͒ ṽ 1 1 of the first component for the filtered mixture data as function of frequency to pressure ratio ( f / P) and molar fraction of ethane. For high f / P values ͑i.e., low static pressures͒, the acoustic attenuation is very high, and the signal-to-noiseratio ͑SNR͒ drops. For these f / P values, the intergas interaction effects are almost drowned by the experimental noise, and thus become difficult to extract. This can be seen in Fig.  8 as the surface levels out, i.e., the scores describe mainly noise. For higher SNR, there is visible interdependence between the molar fraction of ethane and the scores of the first principal component. To estimate molar fractions, the surface in Fig. 8 could be modeled as a function of the frequency to pressure ratio and molar fraction.
V. DISCUSSION
A first step towards a physical model of a complex system is to identify variables that affect the experimental variation. The methodology described in this paper helps revealing small, but highly interesting properties of gas mixtures, related to intergas interaction effects. The results in Fig. 8 show that these properties vary with the physical properties of interest. It is reasonable to believe that the changes in pulse shape are due to dispersion and frequency-dependent attenuation. For some individual gas components, these effects are predictable using physical models. It is, however, much more difficult to describe the physics of the interaction effects. The focus of this paper is to show that these effects can be observed from measured data, but we have not yet attempted to describe the underlying physical processes. Although the surface in Fig. 8 could be modeled empirically, a good physical model would be more attractive. Current research focuses on studying these phenomena, but to date it is not possible to draw any conclusions regarding this. The physical principles of wave propagation in gases are described in detail elsewhere, and since we do not use the physical models here, these details have been left out. The interested reader is referred to the work by Dain and Lueptow 4, 5 or the classic by Bhatia. 16 A challenging problem for future research is to find means of extracting systematic variation from observed data that can be used to estimate parameters in physical models. In this paper we have only considered a two-component gas mixture. The long-term goal is to develop method for on-line measurement of the energy content of energy gases. In practice, these are always mixtures of more than two gases. Although molar fractions would enable us to calculate the energy content, it might be easier to quantify the energy content directly, using the same methodology as described in this paper.
In Sec. III A, we mention the importance of aligning the pulses in time before processing. If this is not done, the time delays will cause the apparent increase in dimensionality of the data set. Compensating for the time delays is, however, rather difficult. The change in pulse shape that we are interested in extracting is also a source of error when we try to estimate the time delays. The reason for this is that the time delay between pulses with different shape is not well defined. This is a well-understood problem that future research will have to address ͑see Ref. 20 and references therein͒.
It should also be mentioned that, except for the methodology described here, it is also possible to run a PCA directly on a matrix containing measurements on both pure gases and gas mixtures. The principal components obtained by this procedure also contain information about the gas composition. 21 The OSC principle does, however, better isolate the specific interaction effects caused by mixing the gases.
VI. CONCLUSIONS
In this paper we have described how OSC and PCA can be used to extract information from ultrasound pulses that vary with the molar fractions of ethane in an ethane/oxygen mixture. OSC enables us to describe variations in pulse shape caused by interaction effects between the gases that cannot be described by the pure gases alone. The OSC can be interpreted as a subspace-based filtering process that removes experimental variation described by the pure gases, thus revealing the intergas interaction effects. These effects are significantly smaller than the effects of the pure gases and, as indicated by Fig. 1 , very difficult to estimate from the measured pulses directly. The variation remaining after OSC filtering was analyzed with PCA, and the results show that one principal component is sufficient to describe most of the interaction effects, and that this shows a visible interdependence with the molar fraction of ethane in the twocomponent gas mixture.
